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Introduction
In Finland, forests cover 70% of the land area and thus the forestry sector is economically important. Efficient forest management is encouraged in order to maintain the timber supply for the forest industries. Forest regeneration is one the most important parts of even-aged forest management, because the success of regeneration largely defines the development of forest stands during forest rotation. The aim of the process is to create a vital seedling stand that has an appropriate density of high-quality seedlings with suitable species composition and a regular spatial pattern. The Finnish Forest Act (1996/1039) requires that an economically developable seedling stand must be established in a reasonable time and must not be immediately disturbed by other vegetation. The development of a productive tree stand is ensured by the cleaning of disruptive vegetation and by pre-commercial thinning to a suitable growth density (Tapio 2006) . Determining the need and proper timing for the tending of seedling stands has a large impact on the growth and dynamics of the tree stand, as well as for the profitability of the first commercial thinning (e.g. Huuskonen and Hynynen 2006; Uotila et al. 2011) . Nevertheless, seedling stand tending is often neglected by private forest owners.
Seedling stands are defined as having mean height < 7 m (conifer) or 9 m (deciduous), and are often further divided into young (< 1.3 m) and advanced (1.3-7 or 9 m) seedling stands (Tapio 2006) . The assessment of regeneration is based on field measurements of stem density, tree height, and a visual field assessment of seedling condition, species proportions and the spatial pattern of trees. This information is used for determining the need for active treatments in the near future. The official guidelines (Tapio 2006) recommend early tending at the height of 1-2 meters, which has to be performed if the competing species or weeds start to hinder the main species' growth. In early tending, only the competing vegetation is removed. The proper tending takes place at a height of 5-7 meters, when the remaining tree population is thinned to a density of approximately 1500-2500 trees per hectare.
Concerns over the success of forest regeneration and demands to decrease the costs of stand level forest management inventories have created a need for developing more efficient methods for assessing forest regeneration. Remote sensing (RS) based forest inventory methods have been studied intensively and adopted into practical use in many countries. However, the seedling stands are difficult targets for remote sensing because of the small size of the crowns and their clustered spatial arrangement (Hall and Aldred 1992) . The first experiments in RS-based seedling stand inventory were made using optical remote sensing techniques. For example, Pesonen et al. (2007) assessed the need for the tending of seedling stands based on the proportion of deciduous trees using a combined map of Landsat TM -satellite images and field data from the Finnish National Forest Inventory. The overall accuracy (OA) in mineral soils was 62%. Hyvönen (2002) studied the suitability of Landsat TM images to estimate silvicultural operations with a data including both seedling stands and young forests (OA = 76%). High-resolution aerial images have also been tested. Pouliot et al. (2002) obtained good results in the assessment of seedling stand tending needs using leaf-off aerial photographs with a 2-cm resolution. Such data is however too expensive for practical use. Tuomola et al. (2006) used textural features calculated from aerial images (scale 1:14 000) and forest stand information to estimate the seedling stand tending need. In their study, although aerial images did not adequately illustrate the need, the simultaneous use of image features and existing stand information improved the results.
Airborne laser scanning (ALS) is an RS technique that provides direct 3D-measurements of the earth surface and vegetation height. ALS echo heights are used to calculate features describing vegetation height and density for a set of satellite positioned field plots. Then it is possible to create models where the ALS features are used to predict different forest attributes such as growing stock volume, and use the models to create wall-to-wall maps of the inventory area (Naesset 2002) . Spectral and textural features derived from aerial images are often used as additional predictors in the models, especially if species-wise predictions are needed (Packalén and Maltamo 2007) . This approach is known as the area-based method, and it has been shown to enable determination of stand characteristics more accurately and with smaller costs than in traditional Finnish field inventory by compartments (Maltamo et al. 2011) .
The potential of ALS in seedling stand inventories has been assessed in the Norway and Finland. Naesset and Bjerknes (2001) predicted tree height and the number of stems for seedling stands (height < 6 m) using low density ALS data and the area based method. The estimation of tree height was successful (R 2 = 0.83), but the estimation of tree density was less accurate (R 2 = 0.42). Närhi et al. (2008) obtained similar results for advanced spruce seedling stands with dominant heights of 2-8 meters using regression models based on sparse ALS data (stand density RMSE = 45%). They also assessed the need for tending (immediate, 1-5 years, no need) based on the field-measured stem density and height. Need for tending was predicted using two different techniques: 1) based on ALS features and forestry plan information using linear discriminant analysis 2) based on regression predictions of stand density and dominant height. The first approach yielded slightly better accuracies (OA = 72%, kappa = 0.54) than the second approach (OA = 69%, kappa = 0.34). Korpela et al. (2008) studied the combined use of ALS and airborne digital imagery in the classification of common seedling stand vegetation. The classification accuracy varied from 61.1% to 78.9% and they concluded that ALS is not applicable in classifying young seedling stands because of random errors in terrain and vegetation heights.
Tahvanainen (2011) used ALS features to determine the need for tending for the young seedling stands. For the advanced seedling stands, stand attributes such as stem density were predicted instead. The need for tending (0-5 years, no need) was evaluated in the field based on the official guidelines. The classification based on nearest neighbour models succeeded better for early tending of the young seedling stands (kappa = 0.68) than for proper tending of the advanced seedling stands (kappa = 0.58). Nivala (2012) used linear discriminant analysis to predict management need for seedling stands and young forests based on ALS features. Classification considered three classes: tending of seedling stands, fuel wood harvest at young forests, or no operations. Management need was assessed based on measured stand density, dominant height and thinning drain. The stands with management need were predicted more accurately (79% correct for seedling stands, 100% correct for young stands) than the stands with no need for operations (44% correct). The kappa-value of classification was 0.65.
In current operational ALS-based stand level forest management inventories, the seedling stand attributes (e.g. tree height, number of stems, species composition) are imputed by using the RS data in a similar manner as for mature stands. The tending need is then derived from the predicted attributes using general management guidelines (Tapio 2006) . However, this approach has not produced adequate results. The main reason is that stand density and species composition are very difficult to assess with acceptable precision using RS data only. The estimated characteristics are averages and do not always describe the real need for operations, which would in practice be the most important information required to ensure the best possible stand development. In this case, it would be reasonable to determine the tending need, directly based upon ALS metrics. This approach has yielded some promising results for thinning (Vastaranta et al. 2011; Pippuri et al. 2012) , but seedling stand tending has been more difficult to assess accurately (Närhi et al. 2008; Tahvanainen 2011; Nivala 2012) .
The evaluation of tending needs of seedling stands is considered to be very important in maintaining future timber supply, and must be evaluated for all seedling stands in the new RS-based stand level forest management inventory system. As RS estimates have not been good enough, thus far, most seedling stands (typically 20-25% of the forestry land area) have still been evaluated in the field, although the interpretation of mature forests is based almost solely on the RS method. The total area of ALS-based forest inventory in private forests in Finland is 15 000-20 000 km 2 annually. If the tending need could be predicted reliably for even some of the seedling stands without a field visit, then the total costs of the new inventory system would be considerably reduced. Some classifiers allow assessing the reliability of the predictions, and this information can be used to decide which stands do not need a field visit.
This research evaluates the use of high resolution remote sensing data in seedling stand inventory. We present our results concerning the estimation of stem density, as few international research papers have considered it this far. However, our main aim is to test direct classification of the seedling stands based on the RS data without predicting the other stand attributes. For this purpose, a total of 208 seedling plots were measured and a local expert defined the tending need for each plot. Features derived from digital aerial images and ALS data were used to classify the plots. We compared the performance of two commonly used classification methods, parametric logistic regression and non-parametric support vector machine. The predictions were evaluated in an independent validation of data consisting of 68 stands in the same area. We also analyzed the factors contributing to observed misclassifications, and studied how accurate the seemingly most reliable predictions actually were.
Materials and methods

Field data sets
The study area is located in Joutsa, central Finland (61°48ʹN, 26°5ʹE) . The area has privately owned "semi-natural" boreal forests that are managed with varying intensity, dependent on the forest owner. The soils in the region are mostly very fertile, and the seedling stands must usually be tended several times in order to prevent the fast-growing deciduous species from shadowing the commercially important conifers. The most common tree species in the area are Scots pine (Pinus sylvesteris L.), Norway spruce (Picea abies L. Karst.), and birches (Betula spp. L.).
A total of 208 seedling plots were measured from 118 different stands in summer 2010. The seedling stands were selected based on aerial images from 2006 and existing stand information. Neither stands with mean height of less than 1.3 meters, nor stands taller than 9 meters were con-sidered. One to three plots were located manually within each selected stand using GIS software. The plot positions were sought with a satellite positioning device. Sometimes the plot had to be moved from its intended position, for example if there were retention trees within the plot radius (9 m). The final position was recorded with Trimble GeoXH GPS, which has an accuracy better than one meter after a differential correction. The aim was to obtain a representative data set with different height, density and tending need classes for each of the main tree species in the area. Thus up to three plots were measured from stands that were not well represented in the data; in total, there were 53 stands with one plot, 40 stands with two plots, and 25 stands with three plots.
Common stand attributes such as stem density and the median tree characteristics of tree species were measured from each sample plot. The selection of trees that should be included into stem density measurements required some consideration, because understory trees are usually insignificant when the tending need is assessed. We decided to make a visual height assessment before any measurements were undertaken and only include trees that were taller than half of the estimated mean height. In the case of multi-stemmed species such as rowan (Sorbus aucuparia L.), all stems branching below 1.3 m were considered to be individual trees, which is the also the practice undertaken in the Finnish National Forest Inventory.
A key problem in direct tending need classification is how reliably it can be determined in the field. Unfortunately this is not a trivial issue. As mentioned above, early tending is recommended at the height of 1-2 meters, and proper tending at a height of 5-7 meters. However, the tending may need to be repeated several times if the competition of other species is intense. If early tending is neglected, the deciduous species will quickly suppress the conifers, which can lead to need for tending at any height. The evaluation of when the tending should be done is however very subjective and depends on the local conditions.
An experienced local forester estimated the tending need individually for each plot during the autumn of 2010 and before the growth season in spring 2011. The stands were initially classified into three classes: those needing immediate tending, those where tending was needed during the next 1-5 years, and those with no need for tending within the next ten years (Table 1) .
Although the stem density is the main feature used to describe the need for tending in the official guidelines, it does not always describe the tending need alone. As Fig. 1 indicates, the three categories overlapped heavily when plotted as a function of stem density and mean height. Especially, the categories "immediate" and "1-5 years" could not be separated when the density was more than 10 000 stems per hectare. Therefore in the modeling phase these two categories were combined, and thus we only attempted to predict whether a stand needed tending during the next five years or not. A number of outliers still remained. For example, there was a plot where early tending was needed quickly although the stem density was less than 2000/ha ( Fig. 1 ), because fireweed (Chamerion angustifolium L.) was suppressing the smaller seedlings. On the other hand, a considerable number of plots had no tending need although the stem density was more than 10 000/ha. In these cases the main species were deemed to have a good enough height advantage. Thus the final training data consisted of 103 plots with a tending need and 105 plots without.
To be able to evaluate the results at stand level, we arranged collection of an independent validation data set consisting of 80 seedling stands from the same area. The tending need of the stands was determined visually and the stem density was assessed using subjectively located 50 m 2 circular plots according to the local forest assessment practices. The same forester that evaluated the training plots was only able to check 55 out of the 80 validation stands; the remainder were visited by two other professionals.
ALS data and aerial images
ALS data was collected on June 28, 2010 using an Optech ALTM Gemini ALS system. The test site was scanned from an altitude of 2000 m above ground level (AGL) using a field of view of 30 degrees and side overlap of approximately 20%. This resulted in a swath width of approximately 1050 meters and a nominal sampling density of 0.54 measurements per square meter. The pulse repetition frequency was set to 50 000 Hz. The Optech ALTM Gemini laser scanner captures 1-4 range measurements for each pulse but in this case, the measurements were reclassified to represent first and last echoes. The first echo data contained the echo categories 'first of many' and 'only', while the last pulse data contained 'last of many' and 'only' echoes. Intermediate echoes were ignored. A digital terrain model was generated from the ALS data and then the terrain level was subtracted from the ellipsoidal heights of laser points in order to obtain the height AGL. Raw echo intensities were normalized for range (Korpela et al. 2010) .
The aerial images were taken with a Vexcel UltraCamD digital aerial camera on July 3-4, 2010. The images were taken at an altitude of 2700 meters AGL with a sidelap of 30% and an endlap of 80%. Image acquisition was carried out early in the morning when the solar elevation angle was 27-30°. External orientation was resolved by bundle block adjustment. Ground sampling distance was 78 cm in original red, green, blue and near-infrared bands and 25 cm in a panchromatic band. Original red, green, blue and near-infrared bands (Vexcel refers to this processing level as Level-2) and the pan-sharpened NIR band (Level-3) were utilized in the analyses. Pan-sharpened images were orthorectified to a 25 cm resolution to remove terrain distortions. Currently the standard ground sampling distance in practical inventories is 35 cm, but it can be assumed that in the future 25 cm imagery will become more common, especially if it provides more information on the seedling stands (Fig. 2 ).
ALS and image features
Several height, density, intensity, spectral and textural features were extracted from the ALS data and aerial images, and used as predictors in the classification. All ALS features were computed separately for first and last echoes. The first step was to calculate the height distributions for each sample plot using AGL heights. All of the laser hits were included (i.e. no height threshold was applied). Weighted height percentiles 1, 5, 10, 20,…, 80, 90, 95, 99 (h 1 ,…, h 99 ) were computed, and the corresponding densities (p 1 ,…, p 99 ) were calculated for the respective percentiles. Height percentiles were calculated by summing the heights at AGL. For example, the metric h 50 is the height at which 50% of the cumulative height has accumulated and p 50 is the number of laser hits below h 50 divided by all the laser hits on the plot. In addition, the mean and standard deviation of heights at AGL and the proportion of vegetation hits vs. ground hits using a threshold of 0.5 meters were calculated. Following intensity features were also computed: mean, standard deviation, and percentiles 10, 30, 50, 70, and 90. Two types of features were calculated from the aerial images: textural and spectral. Textural features were calculated using pan-sharpened and orthorectified NIR bands. The image that captured the sample plot or grid cell closest to the nadir was always used. Firstly, grey-level co-occurrence matrices were constructed with 10 rescaling classes and a lag distance of five pixels as an average of all directions (0, 45, 90 and 135 degrees). A preliminary test was carried out in order to select these parameter values. Eleven textural metrics were then calculated as explained in Haralick et al. (1973) . Spectral features were calculated by projecting the first echoes of ALS points to the original color and near-infrared bands (Level-2, no pan-sharpening) in the same manner as described in Packalén et al. (2009) . The mean of the pixel values were fetched to each point by iterating through all images to which a point hit. Then the mean and standard deviation were calculated by plot from pointwise mean values. In addition, transformations NDVI = (NIR -RED)/(NIR + RED) and SR = NIR/RED were calculated from the mean values of the spectral bands.
Classification methods and accuracy assessment
Regression methods
Model for stem density was created first using linear regression. Only the dominant trees were considered, i.e. possible understory and overstory trees were ignored. The alternative models were evaluated based on their R 2 and the absolute and relative root mean squared error.
As the tests indicated that classification should be based on just two classes (tending or no tending), logistic regression was tested as a parametric classifier. The R statistical software's generalized linear model (glm) function was used to construct the models. Although the data had a hierarchical structure, normal models provided slightly better results than mixed models, because the variation within plots inside the stands was often considerable. If the hierarchical structure is stronger mixed models may provide better results.
Stepwise variable selection techniques were tested to find out candidate predictors, however, the final model selection was done by manual experimentation on different predictor combinations and transformations. As the models were also applied to a separate validation data set, only 3-5 predictors were accepted into a single logistic model to avoid over-fitting. Confusion matrices and kappa coefficient were calculated using leave-one-out cross validation (CV) and used to evaluate the alternative models. Overall accuracy (OA) is the percent of all observations classified correctly, producer's accuracy is the percent of correct classifications in each class observed in the field, and user's accuracy is the percent of correct classifications in each predicted class. The well-known Cohen's kappa is calculated from a confusion matrix (Landis and Koch 1977) . It is close to zero if the classification is no better than randomly selecting the class, and exactly one if the classification is perfect.
Support vector machine
Support vector machine (SVM) is a nonparametric classifier that has been successfully applied with remote sensing data, so we tested it as an alternative to the logistic modeling. Empirical evidence suggests that SVM classifiers are robust to high-dimensional data and noise and therefore suitable for remote sensing applications (Foody et al. 2004; Mountrakis et al. 2011) .
The idea of the support vector machine classifier is to fit a separating hyperplane between two classes of data, so that the margin (minimum distance) between the class samples is maximized in the chosen feature space (Schölkopf and Smola 2002) . Usually the chosen feature mapping of data samples to a feature space is non-linear and is implicitly performed by using some kernel function, so that the resulting feature space has a larger dimension than the original space of data. The utilization of a non-linear feature map allows the use of a separating hyperplane as a decision boundary in the feature space, so that this boundary can actually have a complex (non-linear) form in the original data space. Here, SVM classification was performed via an infinite dimensional feature map induced by radial Gaussian kernel with a free length-scale parameter (Schölkopf and Smola 2002) . The length-scale parameter of the Gaussian kernel controls the properties of the feature map and is usually derived by using training data and cross validation.
Maximization of the margin between class samples in the feature space aims to find a separating hyperplane that also has good generalization properties for data samples that were not included in the training data (Schölkopf and Smola 2002) . In many cases it is reasonable to assume that the data is not separable in the feature space and therefore it is useful to control the fit of the hyperplane by the use of some additional constraints. Here, the SVM classification was performed by using a ν-SVM ("nu-SVM") algorithm, where parameter ν is used to control the properties of the hyperplane as explained in Schölkopf and Smola (2002) .
The feature selection for the SVM was performed by using class label information (tending or no tending) for training data and a greedy forward feature selection (GFFS) approach as presented below (steps 1-3). During the feature selection process we used the CV technique for evaluating the features and also as a parameter optimization method for classifier.
Step 1 (Scaling of features): First, all the ALS and image features from the training and validation data sets were combined and scaled to range [0,1]. Although we used validation data features in feature scaling, it should be emphasized that the class label information of final validation data set was not used in any phase of the feature selection process.
Step 2 (GFFS with training data): The parameter ν of the SVM algorithm was fixed to 0.5. Based on this fixed value, Cohen's kappa values were calculated for all the available features in training set (scaled according to Step 1) by using the leave-5-out CV evaluation. In each of these evaluations, the length-scale parameter of the Gaussian kernel was considered as a free parameter of the classifier and optimized via 10-fold CV (correspond to leave-21-out CV). The feature corresponding to the largest kappa value was chosen to be first in the set of selected features. The second feature was calculated by using again the Cohen's kappa from the leave-5-out CV evaluation for concatenated two-component vectors, where the first component was the first selected feature and the second component was the feature in evaluation. All of the following features were selected in a similar manner, so that all of the previously selected features were concatenated with the selected feature and evaluated by using the Cohen's kappa from the leave-5-out CV. We calculated ten features in total by using this approach.
Step 3 (Re-evaluation of GFFS features): We re-evaluated the selected set of ten features obtained via Step 2 by using subsets of features and the calculation of average kappa value of leave-k-out CV, using k = 1, k = 5 and k = 10. Based on the maximum average kappa value, the amount of selected features was reduced from ten to seven.
The evaluation of the ν-SVM classification for model data was based on leave-one-out CV and the seven selected features from the feature selection process. The evaluation of ν-SVM classification for the stand scale validation data was performed by using the classifier that was constructed by using the training data and the seven features from feature selection process. Hence the evaluation approaches for model and validation data were the same as in the case of logistic models. For the evaluation purposes, the classifier parameters (kernel length scale and ν) were optimized via 10-fold CV for the training data. Classification was calculated by using MATLAB 7.9 (The Mathworks, Inc.) and LIBSVM library ("nu-SVC"-classifier) by Chang and Lin (2011) .
Calculation of the stand scale validation results
Tending need predictions are needed at stand level, so the separate stand scale validation data was used for final evaluation of the classifiers. Stand level predictions are not usually calculated directly for the stands, as the size of the prediction unit should be similar to the size of the modeling unit (sample plot) (Magnussen and Boudewyn 1998) . Thus the study area was overlaid by a grid, and the predictor features were calculated for each grid cell similarly as for the training plots. Thus each stand consisted of several grid cells, each of which had its own predicted tending need (Fig.  3) . The final stand level estimates were obtained by aggregating the grid cells that were within the stand borders. In Finnish practical RS inventories, the plot radius is usually nine meters, and thus the equivalent cell size in the application phase is 16 x 16 meters.
The stand level validation inventory was performed August-October 2011. A one year time lag between the data acquisition and the last field observations caused an additional source of error. We used the same remote sensing data from 2010 for training the models and validating them at stand level, but the prediction accuracy was evaluated one year after the data acquisition. Thus a stand that was in 2010 evaluated to need tending in the next year should be logically classified into the category "immediate" in 2011. There were also stands that had been tended between the scan and the inventory. In such cases we had to assume that the stand needed tending at the time of the scan, but its urgency could only be estimated from the stumps. However, the reclassification into only two classes (tending/no tending) helped to decrease these uncertainties.
The borders of the 80 stands in the validation data were obtained from a local database. The grid cells that had more than 90% of their intersection area inside the stand borders were selected to represent the stand. However, because the digitized stand borders did not always match the true borders, some cells could include trees from the neighboring stands.
It is a common practice to leave some retention trees and snags in the clearcut area to support biodiversity. When the training plots were placed into the stands, such trees were not allowed inside the plot radius, as the ALS height distribution should describe the seedling population and not the retention trees. Thus, also in the validation stands, the grid cells with echo heights larger than 10 m were left out of the analysis, as they either had retention trees or overlapped with a neighboring stand. The validation data also contained several stands that were at the edge of being classified as young forests instead of seedling stands (dominant height > 9 m). For 12 of these stands, the application of a 10 m height limit removed more than half of the original grid cells, and therefore the model could only be applied reliably to the remaining 68 stands. Thus the final validation data had 45 stands with an identified tending need and 23 stands with no need for tending ( Table 2) . The stand-level predictions were aggregated from the individual cells by averaging the predicted values. For the logistic model, the averaged values were the probabilities of tending need in the cells. For the SVM, the predicted values were binary (tending or no tending), i.e. the stand scale result was similar to majority vote. Other aggregation options such as median and other threshold values than 0.5 were also tested to see if they were less sensitive to outlier cells, but no significant improvements were obtained this way.
We evaluated also how large the error rates would be if only a particular percentage of the stands with the most reliable predictions were left without field check. We evaluated the prediction uncertainty as Abs (stand mean prediction -0.5), i.e. the closer the stand mean was to 0 or 1, the larger was the reliability. Then we examined leaving out 25% (17/68) or 50% (34/68) of the stands that had the highest reliability, and calculated the overall accuracy and kappa only for these stands.
Results
Training data set
Prediction of stem density
The best linear model we found for the stem density is presented in Eq. 1: where f_p 70 is the 70% ALS first echo density percentile, f_h 40 is the 40% ALS height percentile, and cont is the textural contrast calculated from the aerial images. The bias-corrected RMSE of this model was 2867 stems/ha (52.5%) and R 2 = 0.50. The large absolute RMSE is partly explained by the very high stand densities in the area, which are caused by multi-stemmed deciduous trees such as willow and rowan, together with the birches that reproduce from the sucker shoots.
Classification into tending need classes
The features selected into the direct classification are displayed in Table 3 and the results obtained from leave-one-out CV in the modeling data are in Tables 3-5. The logistic model had three predictors, with overall accuracy = 77%, and kappa = 0.55. The SVM classifier performed better: using seven predictors, the respective values were 86% and 0.71. Notably the SVM result was obtained without aerial image features, but one ALS intensity feature was included together with four ALS height and two density percentiles. The logistic model had three predictors: ALS height and density features were supplemented by one image texture feature, the log-transformed sum average. The confusion matrices show that the SVM was better at distinguishing plots where tending was needed, as ten more plots were correctly classified than with the logistic model. Surprisingly, the spectral features were not used by any of the classifiers. High near-infrared reflectance should indicate deciduous species dominance, and most of the plots were located at stands that had pine or spruce as the preferred species. In order to confirm this we excluded the 27 plots that had birch as a main species and refitted the logistic models, but still the spectral features offered no improvement. The reason for this could be that most of the study area had fertile soils with a plentiful herbaceous vegetation that is spectrally similar to deciduous foliage. As the seedling stands usually have low canopy cover, the herbaceous understory was probably dominating the reflectance, even in the conifer stands.
Although both logistic model and SVM performed reasonably well, the classification still retained plenty of errors (Table 6 ). It was difficult to find clear reasons for the misclassifications, as there were errors in all kinds of plots. However, both the logistic model and especially the SVM were quite accurate in stands with an immediate tending need and high stem density. Also the stands with low stem density were usually classified correctly, but in some cases the low density was not equivalent to a no tending recommendation. The deciduous stands were classified correctly more often than the conifer stands, especially with the logistic model. This could occur because in deciduous stands only the height and density are needed and the species composition has a smaller influence. In many cases where the models erroneously predicted tending, it was actually marked into data but only after the first five-year period. Contrastingly however, tending was often missed by the models in stands that had an uneven structure, for example when overstory trees have plenty of space yet there is fierce competition in the lowerstory.
Stand level validation data
When the area-based ALS inventory is applied to the stand level, the results are usually more accurate than in the plot level. This is because random errors cancel each other out when the predictions are averaged from the grid cells to the stand level. The stem density model indeed obtained slightly better accuracy in the stand level (RMSE = 2204 stems/ha or 49.7%). However, in the tending need classification the results were worse in the stand level (Tables 7-8 ). The OA and kappa were 71% and 0.38 for the logistic model. For the SVM classifier they were 72% and 0.37, respectively. Overall, the differences between the classifiers were small, but the logistic model was slightly better in recognizing stands without a tending need, whereas the SVM was better at recognizing stands that needed tending. Table 6 indicates that the stands with an immediate tending need and high density were again the easiest to classify correctly. The training data also suggested that stands with low density and deciduous dominance would be easier to classify correctly, but this was not the case in the validation data. However, in the validation data all the six stands with height = 0-2 m were correctly classified to have a tending need. Almost 30% of the validation stands were classified incorrectly, which indicates that in our study area, the use of remote sensing cannot totally replace the field inventories. However, the RS-based interpretation is useful if it can classify even some of the stands reliably. The confusion matrices for leaving out 25% of the stands are displayed in Tables 9-10, and for leaving out 50%, in  Tables 11-12 . The results showed that the logistic model was very good at correctly recognizing the stands where the prediction was reliable: in the 25% case all of the selected stands were classified correctly, and in the 50% case, 91% of the stands were correct. However, the SVM results did not improve very significantly in this test (kappa = 0.40-0.43). The reliability of the SVM predictions is more difficult to assess, as a binary classifier does not have a clear probabilistic interpretation. The kappa and OA of the logistic model as a function of the percent of selected stands is illustrated in detail in Fig. 4 . The first stand that was misclassified was 21st in the order of reliability, indicating that 30% of the stands could have been left without a field check so that no errors would have been made. All of the misclassified stands where the RS-based prediction appeared to be reliable were pine stands that had a tending need during the next 1-5 years, but moderate stem densities (4000-6000) and did not seem all that dense in the aerial images, so these errors should not be very drastic.
Discussion
The detection of different silvicultural needs with remote sensing is problematic since in practical forestry, such need is usually based on subjective field assessment. If the tending need is derived afterwards from field measurements of tree attributes, the results may be different. In the case of seedling stands, a different decision may be based on the reasons mentioned earlier in this study, i.e. a high number of small unimportant trees or perhaps long disturbing herbaceous vegetation. When this kind of classification situation is related to prediction by remote sensing material it is obvious that results with outstanding accuracy cannot be obtained. In this study, we had to simplify the classification problem from three to two classes, and still the overall accuracy was found to be only moderate.
Direct classification is however a better alternative than trying to estimate variables such as stem density, spatial pattern of seedlings, species proportions, height differences etc., all of which are evaluated when management decisions are made in the field. Our stem density RMSE = 49.7% is approximately twice as large as has been obtained in mature forests (Suvanto et al. 2005) , and the species proportions would be even more difficult to estimate reliably. In this area the tending need could not be predicted reliably even by using the stem density measured in the field (Fig. 1) . The use of field-measured stand attributes in predicting the tending need of spruce seedling stands was recently tested by Uotila et al. (2012) . They used multinomial logistic models to classify the stands into three management need classes, and concluded that the measured stand characteristics were only useful for detecting the peripheral cases. However, they also found that some stable stand attributes such as soil dampness and treatment history could be used as additional predictors.
Although we were not able to achieve a very accurate classification of the whole validation data, the predicted probabilities obtained from a logistic regression model could be used to detect the stands for which the prediction was reliable. This is a very promising result and indicates that remote sensing can be used in the future to decrease the amount of field work required for seedling stands. Especially, the stands that were extremely dense and thus needed immediate tending were recognized fairly reliably using just three predictors -the ALS based height and density, and the image-based "sum average" describing the texture. An interesting observation was that in this study area, the ALS height percentiles had a strong negative correlation with the tending need, i.e. taller seedling stands were far less likely to need tending than younger ones. The stands with tall seedlings may of course need tending too, but on average, younger seedlings have a greater risk of being shadowed. Similarly, high ALS density (related to vegetation cover) had a positive correlation with the tending need, as well as a low heterogeneity quantified by the image texture. In some other regions the spectral features could also be useful predictors, but in this area they did not describe the proportion of deciduous species as well as in mature stands.
There are several important issues that need to be considered in practical seedling stand inventories. First, the training data set should be representative of all kinds of seedling stands occurring in the area, which may be difficult to achieve due to limited resources. In practical projects, the inventory area can be 1000-2000 km 2 , which is modeled using 500-700 sample plots. 100-150 of the plots are usually placed in seedling stands. Most of the seedling stands tend to be quite similar, so randomly selected plot locations may not cover the entire scale of ALS and aerial image features that were selected for the models. Thus stratification is needed. Due to out-of-date stand registers our field crew had to spend plenty of time searching for stand types that were not yet well enough represented in the training data. This might not always be possible due to limited resources, and therefore our seedling data set was probably better than can be assumed in practical inventories. Solving this issue would require that the RS data used for modeling would be available already in the plot selection phase, which is difficult as the field work and RS data acquisition should be ideally performed at the same time.
Secondly, the quality of field-based tending need estimates must be confirmed. Our field work was initially done by two forestry students, who were sometimes unsure about the correct treatment of the stand. Thus we asked a local professional to double-evaluate the tending need, and the results showed that the estimates made by the professional were more consistent and hence easier to model than that of the students. In practice, field measurements are often performed by short-term workers, meaning that they must be trained very well in order to reliably estimate the tending need.
The comparison of the two classification methods indicated that parametric methods such as logistic regression can provide acceptable predictions. The SVM classifier was better fitted to the training data, but in the separate stand level validation data, the differences to the logistic model disappeared. The advantage of the logistic model was the probabilistic interpretation of the predictions, which assisted the detection of stands where the certainty of the predictions was high. Other than this, the results indicate that the selection of the predictor features has much larger influence than the selection of the classifier. Height and density features calculated from the ALS data describe the geometry of the seedling stand and thus the competition between the seedlings, and form the basis for the classification. However, if the aerial images have higher resolution than the ALS data (as was the case in our data), the image texture features may provide additional information. In some cases also the spectral features may be useful as they potentially describe the species proportions, but we did not see this effect in our data. We also noticed that as we gradually identified errors in the training data set and removed them, the previously selected features did not provide the best results any more, i.e. the variable selection was sensitive to small changes in the modeling data. This observation also emphasizes the importance of obtaining a representative and consistently estimated base data that does not contain errors.
Finally, when the models are applied to predict the tending needs for stands, the selection of the grid cells that are used in making the predictions is crucial. The existing stand borders may contain errors, meaning that some of the grid cells from which the stand level predictions were averaged, could partly belong to a neighboring stand. Also the presence of retention trees distorts the ALS height distributions for some of the cells. The results improved significantly when we applied a ten meter height limit for the cells accepted for prediction, which removed both border cells that did not belong to the stand in question and those cells with retention trees.
Although the analysis of seedling stands from remotely sensed data is a difficult task and some field work is still needed, the ALS-based tending need predictions are still of use in practical forestry. These predictions should be combined with existing stand register data (such as site fertility, age and species) and local knowledge. If the model prediction is clear for a particular stand and other available information supports it, then the cost of checking tending needs in the field may be larger than the cost of possible errors. The methods developed in this study are already used in stand level forest management inventories in Finland, and the experiences regarding their suitability in practice are collected from across the country. However, further development and a facility that enables the adjustment to local conditions and user requirements will need to be undertaken by the service providers that deliver RS-based inventory products to the end-users.
Conclusion
The stem density models were relatively inaccurate as expected, and even the field-measured density was not explicitly related to tending need. Thus direct classification of stands into tending need classes should be preferred, although the prediction accuracy in the validation data was only moderate (kappa = 0.37-0.38 for two classes). The models were based on ALS features and aerial image texture; spectral information did not improve the models in this case. The stands that had very high stem density and needed tending immediately were the easiest to classify correctly. Parametric logistic regression and nonparametric SVM classifiers produced equally good overall classification in the validation stands, but the logistic model was better at identifying the stands where the predictions were reliable as it has a clear probabilistic interpretation. Up to 30% of the considered stands could have been left without a field check so that no errors would have been made. aineistosta ennustettujen puustotietojen ja taimikon perustamisilmoitusten avulla. 
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